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The problem of course control for underactuated surface ship is addressed in this paper. Firstly, neural networks are adopted to
determine the parameters of the unknown part of ideal virtual backstepping control, even the weight values of neural network
are updated by adaptive technique. Then uniform stability for the convergence of course tracking errors has been proven through
Lyapunov stability theory. Finally, simulation experiments are carried out to illustrate the effectiveness of proposed control method.

1. Introduction

Tracking control performance for surface vessel along the
predefined route has been an essential control problem
for marine autopilot system design, and it has received
considerable attractions from control community. In 1922,
proportional-integral-derivative (PID) autopilot for ship
steering was presented by Nicholas Minosky [1]. PID con-
troller greatly improved the performance of autopilots. Until
the 1980s almost all makes of autopilots were based on these
controllers. One challenge for tracking control of surface
vessel based on above method is that the systems are often
underactuated by the sway motion due to weight, complexity,
and efficiency considerations and exhibit nonholonomic
constraints, which meets Brocket’s theorem that there is no
continuous or even smooth time-invariant state feedback
law that can stabilize the system to the origin [2]. Another
challenge is that the vessel model itself exhibits severe
nonlinear characteristic and model uncertainties induced by
the ocean environment [3, 4].

For the ship with nonlinear maneuvering characteristics
and without uncertainties, a state feedback linearization
control law was designed [5], while feedback linearization
with saturation and slew rate limiting actuators was dis-
cussed [6]. Later, combined with a genetic algorithm, the
backstepping method was employed to develop a nonlinear
ship course controller by Witkowska and Smierzchalski [7],

where the ship course parameters were automatically tuned
to the optimal values with the aid of a genetic algorithm.
Even considering the ship steering model with both con-
stant parametric uncertainties and input disturbance with
unknown bound, a robust adaptive nonlinear control law
was presented based on projection approach and Lyapunov
stability theory [8]. Recently many papers have tackled these
problems based on Lyapunov theory [9-12]. In [13-15] a
global tracking controller for underactuated ship is addressed
with nonzero oft-diagonal terms, the reference trajectory
is generated by using a virtual target guidance algorithm,
and the controller designed is facilitated by an introduction
of changing the ship outputs, several coordinate trans-
formations, and backstepping method. And the controller
design is heavily depending on accurate dynamic model; the
robustness against disturbance has not been addressed. A
method using backstepping adaptive dynamical sliding mode
control is presented for path following control of USV in
[16], the control system takes account of the modeling errors
and disturbances, and simplified tracking error dynamics
are obtained by assuming that the sway velocity is small
which can be neglected in the controller design and only for
straight line path tracking can be achieved. The LOS based
guidance law is also used in the controller design which
causes the complexity of computing high-order derivative of
virtual control. In [17], a transformation of vessel kinematics
to the Serret-Frenet frame is introduced by exploring an extra
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degree of freedom by controlling explicitly the progression
rate of the virtual target along the path and overcomes the
major singular problem; approach angle is introduced for
controller design via backstepping method. Neural networks
are introduced to enhance system stability and transient
performance, which can handle the known dynamics and
uncertainties of systems well [18-20]. Particularly in [12]
a single hidden layer neural network (SHLNN) is adopted
to obtain the adaptive signal online, but the choice of the
single hidden layer neural network is limited by the number
of hidden layer node selections that will affect the online
learning speed and accuracy and cannot produce a better
estimation effect on the fast changing disturbances.

Therefore, a solution to the course control of underac-
tuated surface vessel is addressed in this paper. In view of
the characteristics of the underactuated performance, the
backstepping control method is used to deal with above
problem. The direct adaptive neural network is adopted to
design control law by using the RBF neural network to
overcome the problem that the ideal virtual control cannot be
used directly in practice. The weights of the neural network
are updated by adaptive technique to guarantee the stability
of the closed-loop system through Lyapunov stability theory.
Simulation results are illustrated to verify the performance of
the proposed adaptive neural network controller with good
precision.

2. Adaptive Robust Neural Network
Controller Design

2.1. Problem Description. Consider the following nonlinear
systems:

X = fi(x%)+ g;(%) xipy +dp, 1<i<n-1,
'X.:fl :fn (En)-l_gn (xn)u+dn’

Yy =X

n>2, 6))

where X; = [x,x,,...,x;] is system state, u is control input,
and y is system output. The control objective is to design an
adaptive neural network controller and make y track y,;. y,
meets the smooth bounded reference model as follows:

Xgi = fai(xq), 1<i<m

m=n,

)

Ya = Xa1»

where x; = [X,, X4, %,,]] € R™ is state constant, y, €
Rrepresents system output, and f;;(-), i = 1,2,...,m, denote
nonlinear function, assuming that the reference model for
each state is bounded as x; € Q , Vt > 0.

Assumption 1. There is an unknown constant pi* to meet,
V(x,,t) € R"xR", |d;(x,,1)| < p/ pi(X;), and p;(X;) isa known
positive smooth function.

2.2. Direct Adaptive Neural Network Controller Design. In
view of the problems and solutions described in the last
section, the direct adaptive neural network controller for
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nonlinear systems with RBF neural network is chosen.
Detailed design steps will be described in the following.

Step 1. Letz, = x; — X4, 2, = X, — &;, and then

2y = f1(x)) + g1 (x1) X, +dy = %y (3)

Consider the following Lyapunov function:

1 b 1T __1—

Vi=o—F—=z+ ;W I Wy, (4)
29, (x1) 2

where W, = W, - W, W] represents the ideal weight vector

of neural network, W, represents the estimated value of the

neural network weight vector, W, represents the estimation

error of weight vector, T; = I} > 0 is the adaptive gain matrix,
and the derivation of V; can be computed as

z1%, 9 (xl)zf

—T 1=
+ W, I} W
2g7 (k)

V =
' 9 (xl)
_A

9 (xl)

= (fi (x1) + g1 (x1) %, +dy = %g1)
+ 9 (xl)zf

—T 1=
+W. I, W
27 () ©

+ fi(x)) = x4 ) + z,d,

=z;|z,ta
1( ? ' Uit (xl) g1 (xl)

. 2 .
+ 91 (xl)zl + W?F{lwl.
29% (xl)

According to Assumption 1, we can get

V, <z (z2+oc1 + fl(xl)_xd1)+
91 (Xl)

@l PP
2!]% (xl) 2

. 2 .
+ 91 (xl)zl + Wfrflwl
247 (x1)
. 2 *2 (6)
ZZI(ZZ+061+f1(Xl)_Xd1 221P1 >+;
g1 (x1) 29 (x1) 2
9 (x1)22

1, g7 155
==+ W, I, W,.
ng(xl) R

There is an ideal virtual feedback control law:

fi(x)) - % ZlPl2
o3
g, (x1) 297 (x1)

where ¢; > 0 is designed controller parameter.

Because of the unknown smooth functions f;(x,) and
g1 (x1), we cannot actually get the ideal feedback control law
a; from (7) we can see that the unknown part (f;(x;) —
X41)/g,(x;) is smooth function of x; and %, so that

] , 7)

* —_
Q) =z —

s h (xl)_xdl 4 ZIP12

h, (Z ,
! ( 1) 91 (xl) ng (xl) (8)

Z, 2 [x), 5] c R
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RBF neural network WIT S,(Z,) is used to approximate the
unknown function h,(Z,), and «; can be expressed as
* *T
a =-az - W, 8, (Z)) -, ©)
where |e;| < e] is estimated error and meets e > 0.

Because W," is unknown, the virtual control law is
selected as follows:

T
o =—6z, - W §; (2,) (10)
and then
] P*Z
V<212, -2 + 9 (2() ) +2z,€, +%
1 (1n

— W, Sz, + W, I,'W,.

Adaptive law can be chosen as follows:

W, =W, =T, [$,(Z)) 2z, -, W, ], (12)
where g, > 0 and then
) P*Z
V<212, -z + 9 (2() ) +2z,€ +%
N (13)
— o, W, W,

Let ¢, = ¢ + ¢}, where ¢;p > 0 and ¢;; > 0, and then the
upper equation becomes

g P*Z
y 1 2 2 1
V,<zz2, - (Cw + by ) Z) = 12] +zZiep + —

! (14)

— o, W, W,
According to the complete square formula,
-0, W, W, = -0, W, (W, +W,)
< -0y ||W1 “2 + 0 “Wlu [wy|
ol ol 1)
2 2
2 6;2

2 2 1
—c12) +Z16 < -2y + 7 |eg] < o S
8! h

>

Because ~(ci + (9,/201)21 < ~(co ~ (91a/201,,))21>
we can make (cjy 2 ¢,y — (g14/295,,)) > 0 by choosing the
appropriate ¢;, and obtain the following inequality:

o W[ Lalwi e
2 2 4,

V<212, - cwz1
(16)

P*Z
+ =
2

The cross coupling z,z, in (16) will be eliminated in the
next step.

Step 2. Let z, = x, — «;; then

2, = [, (%) + 95 (%) x5 +dy — &, (17)

From (10) we can see that «, is a function of x;, x;, and
W, and &, can be written as

5 (18)
= a;:i (g1 (x1) x5 + f (1)) + @15

where ¢, = (Oa, /0x,)% + (Dax, JOW [T (S,(Z))z, — 0, W )]

can be calculated.
Consider the following Lyapunov function:

+———z+ W LW, (19)

V,=V, +
? ' 29, (xz)

where T, = I, > 0 is an adaptive gain matrix.
Then the derivation of V, can be calculated as

2,2, !]2( 2) 2 ;
gz(Ez) 2g; (x )

(f (%) + 92 (%) x5 +dy — &)

V,=V, + + WZFZ_IWZ
=V, +
v 9D (x )

. — 2
+ 9> (x2)22

—T 1
+W, I W
29% (?2) 2 (20)

=V1+z2<z3+(x2 f2 (%) - >+ chiz
92 (xz) 9> (xz)

L= 2

+ 9, (%) 23

—T 1=
+ W, I, W,.
zgg (Ez) 272 2

According to Assumption 1 we can get

fz(xz) 0‘1)+ ziPzz

V,<Vi+z,|zs+a =
? ! 2( areT 9, (%,) 2!]% (x,)

. 2
+ —gZ( )z +WI‘ w2

2 295 (xz) 1)

fz(xz) 0‘1+ 22P22 )

=V, +z, [z, +« 2
' 2( s 9, (x,) 295 (x,)

P_*z 9, (%) %

+ +
2 292( 2)

+ W, I, W,



There is an ideal feedback control law:

. fz(iz)_‘j‘l_F Zsz2

A, =-2, —GZy — — =, (22)
? ' 2 9, (x;) 2!]% (x,)

where ¢, > 0 is a designed controller parameter.

Because of the unknown smooth functions f,(x,) and
g,(x,), we cannot actually get the ideal feedback control law
o, ; from (22) we can see that the unknown part is a smooth
function of x, and &;; let

a £ (%) - Zszz
BT e @

where Z, = [xz, (0, /0x,),¢,]" c R*. RBF neural network

W,'S,(Z,) is used to approximate the unknown function
h,(Z,), and «; can be expressed as

* *T
a0 =26z - W, $,(Z,) - e, (24)
where W' is expressed as the ideal constant weight vector and
le,| < e; is the estimated error and meets e; > 0.
Because W," is unknown, select the following virtual
control law:

—T
o =21 -6z —W,S, (Zz) > (25)

where W, is the estimated value of W,'; then

2
V, <V, -2.12,+ 2,2, - 25 + % + 250,
295 (x,)
(26)
*2 .
+ 2 - W, 8,2, + Wo I3 'W,,
where W, = W, — W'
Adaptive law can be chosen as
W,=W, =T, (S, (2,) 2z, - 0, W], (27)
where g, > 0; then
2
- 9,(%) 2
V< Vi—z12, + 2525 - szz 222—— 262
g (%)
(28)

Letc, = ¢ + 61> 66 > 05 then the upper equation
becomes

) ) g, (%)
Vo, <Vi—z1z, + 2525 - ("20 : PYE: : )> czlzz
X

(29)
*2

+z,e, + % - 02‘7\72 W,.
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According to the complete square formula,
—T— —T (— .
—0, W, W, = -0, W, (W, + W)

< -0, “WZHZ +0; "Wz" "Wz* "

oWl | ol 0
2 2
2 e*z
%5 + 256, < —6125 + 2, |ey| < = 4021 4;1.

Because (¢ +(9,/295))25 < ~(C20~(92a/285,,))23, then
we can make (¢, 2 ¢y — (924/295,)) > 0 by selecting the
proper ¢,;; then

— 2
o, (W
. oW
V, SV =212, + 2525 — 625 — s
*2 *2
e P
2 72 Ltz
2 4c, 2
2 2 7 I 2 2 (31
*
PRt L YA
X B e Ul A L
k=1 k=1 k=1
2 *2
e
by G
k:14ck1

The cross coupling z,z5 in (31) will be eliminated in the
next step.

Stepi (3 <i < n—1). The derivative of z; = x; —
calculated as

®;_, can be

z = fi (%) + g (%) xi1 — &1 (32)

where

(k) Xia1 + fi (X)) + @i

i—1
=y (%> iy (33)

=1 axd

. Z (aa, . ) [T (8¢ (Z0) 2 - W)

Consider the following Lyapunov function:

1 1—7 1~
Vi=Vig+ = zi2 + oW, T W,
2g; (xi) 2

(34)

where T; = I, > 0 is an adaptive gain matrix.
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Then the derivation of V; can be calculated as

zZiZ; + 9g; (x;) Zi2
g: (%) 291'2 (x;)

(f: (%) + g; (%) X4y + i —&;y)

Vi = Vi—l + + W?I‘i_lwi

Zi
g; (%)
+ g; (x;) Ziz —T 15

LWL LW, 35
291'2 (x;) (35

_ (%) = 6 d.
:Vi_1+zi(zi+1+oci+f’(x’)_a’ 1>+ 4%
9i (xi) 9i (xi)

9; (x;) Zi2

—T 1
+——+W. I, W..
2g12 (}1) 171 1

According to Assumption 1 we can get

)

P? (%) -
Z pz + _r + gz (;Cz)_z1 + WlTrl—lwl
TiE) g ®)

=Vi, (36)
fi(x) —a;y + ZiZPi2 )

9i (xi) 29,-2 (Ez)
Pi*2 gl( ) 12 =T

Tt T W, F_IW‘.
2 297 (x;) !

V<V +z (z:,-+1 + o +

+ 2 <ZH_1+06 +

There is an ideal feedback control law as

) (%) - & Zipiz
& =-z; 1 —GZ; — |:f )( l) = Zgiz (f,):| ’ 7

1

where ¢; > 0 is designed controller parameter.

Because of the unknown smooth functions f;(x;) and
g;(x;), we cannot actually get the ideal feedback control law
«;'; from (37) we can see that the unknown part is a smooth
function of x; and &;_,, and let

2
hi (Z) a f;( ) OC -1 + Zipi_ , (38)
g: (%) 2g; (x;)
where
o o« T )
z, = |%, a"‘;‘%...,%,%_l cRY. (39)
1 i1

By introducing the direct variable (de;_,/0x;),...,
(00;_1/0x;_;), ¢;_;, we can make the number of neural
networks minimized. RBF neural network Wl.TSi(Z,») is used

to approximate the unknown function 4;(Z;), and «;" can be
expressed as

“i* = _Zi—l l l W*TS (Z) (40)
where |e;| < e is estimated error and meets e; > 0.

Because W;*
control law:

is unknown, select the following virtual

“i = _Zifl - CiZi - W;Tsz (Zl) 4 (41)

where W;* is the estimated value of W ; then

1

S = 2
: : 2 9i(%)z
Vi<V -2z + 2z — 67 + Zlgz—ii)l +z¢;
Y (42)
1)i*2 T T e
+ — — Wi SlZI + Wi Fi Wi’
2
where W, = W, - W/".
The following adaptive law can be selected as
Wi = Wi =T [Si (Zi) Zi = UiWi] > (43)
where 0; > 0; then
s = 2
) ) (%)) z;
V, <V, —zi12+ 221 — ,zl + g,(24 + z;e;
29} (x;)
(44)
#*2

T —
+——(TW W,.
2

Let ¢ = ¢y + ¢G> 6> > 0; then (44) can be rewritten as

Vi<V -2z + 2z — (Cio +

55) ).

2g; (x;)
(45)
P?
~ 12 +zie + —— — cr,-WiTW,-.
According to the complete square formula,
oW, W, = ~o;W; (W, + W)
— 2 — .
< —0; ||Wl“ +0; "Wz" A
al®il | w9
2 2
2 2 e esz
—1Z; +Zie; < —¢1Z; + 2 |eg| < 4— < E
i1



Because —(c, + (9,/29)))z; < —(c — (9:a/295,))7;» then
we can make (¢, 2 ¢, — (gia/295,)) > 0 by selecting the
proper ¢; then

2
y y * 2 Gi “Wl”
Vi< Vi -2z + 2iZi — GZi — s
2
LA R
+ L+
2 i, 2
i i T *|2 “7)
< PO 3 L A
S 2% — chozk - Z > + Z >
k=1 k=1 k=1
i *2 i %2
&,y i

+
im%Ga o 2

The cross coupling z;z;,, in (47) will be eliminated in the
next step.

Step n. The derivative of z, = x,, — «,_; can be calculated as

zn = fn (En) + 9 (xn—l) U= dn—l’ (48)

where

n—la - -
et = Y5 (G (5 Ko + (7)) + e (49)

k=1
where
n-1
o«
b1 = ( " )Xd
" kzz‘i axd
(50)
n—-1 aarkl .
+ Z aW [Tk (Sk (Zk) Zj — O‘ka)] .
k=1 k
Consider the following Lyapunov function:
1 s =1 __1—
V.=V _+————z +-WIT W,
n n-1 29n (Xn)zn 9 n°m n (51)

where I, = T > 0 is an adaptive gain matrix. Then the
derivation of V,, can be calculated as

. [y 2 .
an_n gn (Zxrg Zn + W:rglwn
g:(x) 24 (%)

V,=V, +

=V

+ z—i (fn (gn) + 9n (}n) u+ dn - (56”,1)
9, (%,)

g (x)z2 ey (52)
ACHEN Wor'w,

242 (%)
fn (Q_Cn) - dn—l >

=Vn1+zn(zn+1+u+ —
9n (%)

zd,  9,%,)z
9.(%,)  2g2(%,)

T =
+W, T'W,,.
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According to Assumption 1 we can get

fi i) — 6 )

Vn SVn—l +Zn <Zn+1 tu+ —
g: ()

- (= 2

In (xn) Zn VA s
+ — + +=—+W I W
2;(x,) 2 2g5(%) "t

_v (53)

fn (}n) B (56”,1 thpﬁ )

T ( TG 202 (%)

2 2 *2
ann Pn

SN AL A

T T g (%) e

There is an ideal feedback control law as

fi (%) - dy . zp;
i (x;) 2g; (%)

where ¢, > 0 is designed controller parameter.
Because of the unknown smooth functions f,(x,) and

gi(X;), we cannot actually get the ideal feedback control law

u”*; from (54) we can see the unknown part is a smooth
function of x,, and &,,_;, and let

*

U =-z; -Gz~ [

] , (54

2 fn (En) - an—l znpﬁ
9n (%) 2g; (%)
where Z,, 2 [%,0a,_,/0x,, ..., 00,_1/0%,_1, 1" € R*".

RBF neural network W'S,,(Z,,) is used to approximate the
unknown function h,(Z,), and u” can be expressed as

hn (ZI) (55)

u' =-z Gzn — WS, (2,) - e (56)

n—-1 "

where |e,| < e, is estimated error and meets e, > 0.
Because W: is unknown, select the following virtual
control law:

U=-z,1-62,— W:Sn (Zn) > (57)

where Wi is the estimated value of Wi*; then

=y L2
. . x Z
VsV =212, + 2,25, — ani + I (2 72 .
29, (%,)
(58)
#2
T —T 1
+ Znen + % B WnSnzn + Wn rn IW”’
where W, = W, - W
The following adaptive law can be selected as
Wn = Wn = rﬂ [Sn (Zn) 2y~ UHW”] ’ (59)
where 0, > 0; then
L=y 2
. . x Z
VSVl = 2012, + 242041 — anﬁ + Zn (2 rg -
2g; (%)
(60)
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Letc, = G0 + 1> Cug» G > 0; (60) can be rewritten as

nl> *n0>*n
3, (%) )

Vn < Vn—l ~Zp-17n T ZnZpe ~ (CnO * 242 (% n
9n (%)

(61)

*2
2 n =TS
—GCnZ, +z,e,+ - o ,W,W,.

According to the complete square formula,
—T— T — .
-0, W,W,=-0,W, (W,+W,)

— 12
< -0, |W,| +o.

W[ Iw |
— 12
< —Gn W,, + In “W: ’ (62)

= >

2 2

2 2
e _ €,
< .
4c,,  4c,

2 2
12, Zpy S —CZ, t 2, |e,] <

Because —(cno+(gn/2gfl))zfl < —(cno—(gnd/Zgim))zﬁ,then
we can make (¢ 2 6,0 — (gna/295,,)) > 0 by selecting the
proper ¢,; then

— 12
n n

V <_Z * Z_Zak ||Wk“
n S 0%k > +
k=1 k=1

i‘fk i I°

— 2

k= (63)
n *2 n P*Z
LV S Tk
in4Ga o 2

Let & 2 Y. (0lW/IP/2) + Y7 (ef?/4cy) +
e (P2 12)s 6l = (Y 2Gkm)> G0 > V12Gkm) + (Gral 297

k=1,2,...,n wherey >0, o, > yA I 'L k=1,2,...,m
then
SRR XA U
V, < —k;ckozk kz:; 5 +6
noy n W, I W
< _Z 22 Kk Wk
k=1 29km k=1 29km (64)
T

The stability and control performance of the closed-loop
adaptive system are demonstrated by the following theorem.

Theorem 2. In the initial conditions, by formula (1), reference
model (2), control law (57), and neural network weight update
rate in (12), (27), (43), and (59), supposing that there is a large
enough set of closed sets ; € R*, i = 1,2,...,n, for any given
moment t > 0, making Z; € Q;, the following conclusions can
be obtained as follows:

(1) The signal of the whole closed-loop system is bounded,
and the state variable x, and the neural network

—T —T
estimation errors W ..., W _ will eventually converge
to the closed set as follows:

— — é
Qslé{fn,wl,...,wn|v<—, XdGQd}. (65)
4

(2) By choosing the proper control parameters, the output
tracking error y(t) — v, (t) is close to a small neighbor-
hood of zero [21].

3. Adaptive Robust Neural Network Control
for Ship Course

3.1. Problem Formulation. This section introduces a sim-
plified dynamic model of an underactuated surface vehicle
with only one control input § for heading control. A surface
ship usually has three degrees of freedom for path following
control in horizontal plane. Assuming that the vessel has
three planes of symmetry, for most underactuated vessels
have port/starboard symmetry, it can be neglected to simplify
the vessel model for controller design. The detailed model
which considers the environment disturbances can be set as
follows:

y =Usinvy,

i=r

= —%r— %P + §6+A, (66)
N =>r

Y2 =Y

where y denotes transverse displacement in the earth inertial
coordinates; U = Vu? +? is resultant velocity of ship; y
is course angle; r is yawing angular velocity; K, T represent
performance index for ship steering; « is coeflicient of
nonlinear term; § is control rudder angle; y,, y, represent
system output.

The control objective is to design the controller § to make
the control output y, y achieve the setting value (y;, v,).
Because the dimension of the system control input is less than
the degree of freedom of the system, it is an underactuated
system.

3.2. Dynamic Controller Design. Selection of coordinate
transformation is as follows:

ky

\1+ (ky)®

The original system can be transformed into a single input
single output system:

w, = ¥ + arcsin (67)

ky
X = ———5 +x,
1+ (ky) (68)

oo 3
X, = —a1Xy — ayX,” +bu+ A,



wherea, =1/T, a, =a/T, b=K/T, x, =w,, x, =1, u =9,
and the output of whole system is x;.

For system model (67) and (68), the controller design is
carried out by using backstepping method.

Step 1. Letz; = x;, x5, = 0; then

ky

Z, = ——— + x,. 69
! 1+(ky)2 2 (69)

For the subsystem z;, «; £ x, is chosen as virtual control

input. Select the Lyapunov function V,; = (1/2)z;, and there
is

. , ki
Vzl =z12) = <ﬁ +X2>Zl. (70)

Letz, = x, —«a;;then x, = z, + oy,

. ki
Va :(—)/2 +zz+ocl>z1. (71)
1+ (ky)

Select the following virtual control law:
ky

1+ (ky)”

V,1 = 2,2, — 25, because kj/(1 + (ky)*) is unknown

function, h,(Z,) = ky/(1 + (ky)z), and we will adopt RBF
NN to estimate h,(Z,) and get b, (Z,) = W;"7S,(Z,) +¢,. But

the actual use of the NN for the systemis h,(Z,) = WITSI (Z)).

—T
Actual virtual control input is «; = —¢;z; — W, §,(Z,); then

ky
)= ———S+z,+q
1+ (ky) (73)

= (z2 -z — W1S1 (Z,)+ 81) i

a) = -0z - (72)

where W, = W, - W}
Select Lyapunov function as

1 —T_ _1—
V, =V, + EWlTr W (74)
then
V, =V, + W I'W, <2, (2, + oy + 1y (Z)))
=z [Zz -cz, - WS, (Z)+ WS (2)) + 81]
. (75)
+ W, IT'W,
— — =
=z [z, - 2, - WS, (Z)) +& | + W, IT'W,.
The adaptive law of neural network can be designed as
W, =W, =T, [Sl (Z1)z, - ‘71W1] > (76)

where g, > 0. Let ¢, = ¢,y + ¢;;, where ¢, ¢;; > 0.
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Furthermore,
. ~T ~
V=212, — o2t — 1 2) + 218 — 0, W W (77)
then
T T .
—o, W\ W, = -, W, (W, + W)

< -0} ||‘F"71"2 +0 “WIH Wy

(78)
oW o wy
<- +
2 2
because
2 *2
2 2 & &
-2y 28 <~z + 2 g | < — < = (79)
4c;  4cy
Finally we can get
. oal®l e e
V| <zyzy — 2] — + + (80)

2 2 4¢),’

Step 2. Let z, = x, — a;; derivation of z, can be calculated as

2= f,(%)+9, (X )u+rA-g&

(81)
= —ax, —a,x,” +bu+A-d,.
Because V,, = (1/2b)z§, then
. 1 . 1 3 .
V= p5% =% (—alxz —ayx,” +bu+A- ocl)
1 30 . A
=z |uty (—alx2 - a,x,” — ocl) t L2
(82)

2
3. P 2
(—alx2 —ax, — 0y + T )]

S =

<2z [u+
2
N
2

where A < p - p(x), p is unknown parameter, p(x) is known
nonlinear function, and then

. 1 . Pz
U ==z, -Gz, — b (—alx2 —a,x, — Gy + szz ) . (83)

Let
1 3 P’z
h,(Z,) = E(—alxz—azxz — &+ 7) (84)
Equation (83) can be rewritten as
u' =-z, -6z, - hy(Z,). (85)

In the same way we use RBF NN estimate h,(Z,):

hy (2,) =W, '8, (Z,) +e,. (86)
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The actual use of the NN for the system and controller can
be expressed as

T
h, (Zz) =W,S, (Zz) >
. (87)
u=2z,-6z,-W,5(2,).
Select Lyapunov function as
1—T _1—
Vo= Vi + V4 WL, (88)
The derivation of V, can be calculated as
V, =V, +V,+W,I'W,

— |12
o[l o wel | e
2 2 4c;,

* 2
<zZ12, — Ci0%1 —

tz; [_Zl -6z, - W,S, (Z,) +W;'8,(2,) + 52]

2 (89)
+ % + W, I'W,

1

— 12
S T

2 2 %2
i=1 i=1 i=1 i=1

4c);

2

2
2
Therefore, all signals in the close loop of course tracking
system are stable, and the tracking errors can be made arbi-
trarily small by selecting appropriate controller parameters.
So the final control law can be designed as

U=z -6z, — W:Sz (2,). (90)

4. Numerical Simulations and Analysis

The simulation experiment can be operated based on an
experimental ship. The nonlinear mathematical model for the
ship has been presented in [22], which captures the funda-
mental characteristics of dynamics and offers good maneu-
verability in the open-loop test. To illustrate the effectiveness
of the theoretical results, the proposed control scheme is
implemented and simulated with the above nonlinear model
with tracking task.

The characteristic parameters of the ship used in the
simulation are given as K = 0.478, T = 216, and & = 30.
Neural network contains 25 neurons; that is, I, = 25; the
center vector y; (I = 1,2,...,1;) is uniformly distributed in

the width [~2, 2] x[~2, 2] x [-2, 2]. Neural network W, S,(Z,)
contains 135 neurons; that is, I, = 125; the center vector
w (I = 1,2,...,1,) is uniformly distributed in the width
[-4,4] x [-4,4] x [-4,4] x [-4,4] x [-4,4] x [-4,4] X
[—4,0] x [-6, 6]. The controller design parameters are given
as follows which satisfy the condition mentioned in design
procedure: k = 0.1394, ¢, = 4,¢, = 120, I} = diag{3},
I, = diag{4}, and 0, = 4, 0, = 2. The initial linear and

50

d0fo

-20F---- P R R e e .

30 L L L L L L L L
0 20 40 60 80 100 120 140 160 180
X (m)

—— Desired trajectory
- - - Ship trajectory

FIGURE 1: Ship tracking performance of proposed control method.

angular velocity of ship used in the simulation are given as
[, v,r]T = [0.1,0,0]7, [x, y,y]" = [10,30,-7/4]" is the
initial position and orientation vector of ship, and the desired
velocity of ship is given as u; = 1(m/s). We choose the
reference trajectory as 10 cos wt.

In order to further verify the validity of the proposed
control method, the algorithm of this paper is compared with
the simulation results in [12]. So the robustness of trajec-
tory tracking controller against the disturbance and model
uncertainties can be evaluated. All the simulation results
are depicted in Figures 1-4. Figure 1 shows the trajectory
tracking of ship with the given path, and the ship can track
and converge to the reference path with more accuracy in
[12]. Figure 2 plots the position tracking errors; the along-
track and cross-track errors asymptotically converge to zero
faster. Figure 3 gives the control inputs response. Surge, sway,
yaw velocities, and orientation of ship during the trajectory
tracking control process are plotted in Figure 4, which gives
a clear insight into the model response involved in nonlinear
dynamics.

5. Conclusions

In this paper, we proposed a solution to the course control
of underactuated surface vessel. Firstly, the direct adaptive
neural network control and its application are introduced.
Then the backstepping controller with robust neural network
is designed to deal with the uncertain and underactuated
characteristics for the ship. Neural networks are adopted to
determine the parameters of the unknown part of the ideal
virtual control and the ideal control; even the weights of
neural network are updated by using adaptive technique.
Finally uniform stability for the convergence of tracking
errors has been proven through Lyapunov stability theory.
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FIGURE 2: Tracking errors of surge and sway.
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FIGURE 3: Control force and torque of ship.
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FIGURE 4: State changing curves of ship.

The simulation results illustrate the performance of the
proposed course tracking controller with good precision.
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